In the Preamble of this target article, Latash considers the motor system as a multi-element dynamic system that evolves in time. He states that its performance variables, namely muscle forces, lengths, moments, joint angles, limb positions, etc., cannot be prescribed by any neural controller, but instead are emergent properties of the motor system. This view contrasts with that of most investigators in the field who have attempted to discover neural controllers and decipher what they are controlling (Houk & Rymer 1981; Kimura et al 2006; Nichols 1994; Nichols 2002; Perreault et al 2004; Pruszynski et al 2009; Scott, 2004; Shemmell et al 2009) . Latash follows the Feldman school (Feldman 1966; Feldman & Levin 1995) in believing that there exist a relatively small number of control variables that the CNS can and does manipulate in order to control equilibrium points that define posture. The multitude of performance variables are considered to be emergent from these settings. The Feldman school believes that the only control variables for the musculoskeletal system are the thresholds of the stretch reflexes of the many muscles that make up the musculature. Performance variables evolve from the laws of physics plus the neural computations spelled out by neuronal connectivity and biophysical properties of neurons. In this target article, Latash combines the equilibrium point hypothesis with his concept of synergy, using the computational framework provided by the uncontrolled manifold hypothesis, to present a global theory of how the motor system operates.
In the Preamble of this target article, Latash considers the motor system as a multi-element dynamic system that evolves in time. He states that its performance variables, namely muscle forces, lengths, moments, joint angles, limb positions, etc., cannot be prescribed by any neural controller, but instead are emergent properties of the motor system. This view contrasts with that of most investigators in the field who have attempted to discover neural controllers and decipher what they are controlling (Houk & Rymer 1981; Kimura et al 2006; Nichols 1994; Nichols 2002; Perreault et al 2004; Pruszynski et al 2009; Scott, 2004; Shemmell et al 2009) . Latash follows the Feldman school (Feldman 1966; Feldman & Levin 1995) in believing that there exist a relatively small number of control variables that the CNS can and does manipulate in order to control equilibrium points that define posture. The multitude of performance variables are considered to be emergent from these settings. The Feldman school believes that the only control variables for the musculoskeletal system are the thresholds of the stretch reflexes of the many muscles that make up the musculature. Performance variables evolve from the laws of physics plus the neural computations spelled out by neuronal connectivity and biophysical properties of neurons. In this target article, Latash combines the equilibrium point hypothesis with his concept of synergy, using the computational framework provided by the uncontrolled manifold hypothesis, to present a global theory of how the motor system operates.
Latash begins with a scheme of control hierarchy (Fig 1 in Latash 2010 ) that is logical, and yet paradoxical. In his scheme, at each level of the hierarchy the input is low-dimensional as compared to the output, and this effect cascades. Task variables at the highest level are very low-dimensional because they just specify something like pick up a glass. Control becomes higher dimensional at lower levels in the hierarchy as the need arises to specify Limb control, Joint control and finally the Muscle control that serves to pick up a glass. The scheme is paradoxical because the actual numbers of output signals that are available in the CNS are huge at high levels of hierarchy and become progressively smaller at lower levels in the hierarchy.
The above paradox presents quite clearly even if we consider just one brain structure that is important for controlling movement. I will use the motor portion of the cerebellum as an example, because this will help me illustrate another point. The cerebellum has far more inputs than outputs, opposite to that in the Latash schema. The anatomical inputs are the mossy fibers and the climbing fibers, and some neuromodulatory projections. The outputs of the cerebellum, conveyed by activity in reciprocally interconnected attractor networks, are called motor commands (Houk & Mugnaini 2003) . For example, the spatiotemporal pattern of activity in the positive feedback loop between the cerebellar nucleus and the motor cortex specifies voluntary limb motor commands (Wang et al 2008) . These motor commands are, for the most part, controlled by the discharge rates of Purkinje cells in the cerebellar cortex. Purkinje cell activity sets the fixed points of the attractor network (Houk & Mugnaini 2003) .
What then controls the firing rates of Purkinje cells? Mossy fiber input undergoes expansive recoding in the granular layer to present large arrays of parallel fibers that innervate Purkinje cells. The parallel fibers, acting through adjustable synaptic weights trained by climbing fibers, constitute the main input that controls the activity of Purkinje cells. More than 100,000 parallel fiber inputs control each Purkinje cell and about 100 Purkinje cells are used to control an elemental motor command. Hundreds of elemental motor commands participate in the control of a simple limb movement. So overall, the dimensionality of the input is hundreds of million, on the order of 10 9 times that of the output (Houk et al 1996) . This is quite opposite to the Latash concept that inputs are of lower dimension than outputs.
One way to approach the concept of low-dimensional input is to focus on the training signals for motor learning. Voluntary motor commands transmitted by the primary motor cortex (M1) are regulated by loops through basal ganglia and cerebellum (Houk 2005) . These subcortical loops are specialized for learning from training signals, whereas M1 is specialized for learning from practice.
The loop through basal ganglia utilizes reinforcement learning based on training signals in dopamine neurons that predict the likelihood of future reward; they reinforce synapses that help to achieve that reward. The dopamine training signal is really low-dimensional, currently thought to be just one-dimensional. The loop through basal ganglia results in a coarse selection of a ballpark action that needs to be amplified and refined by the cerebellum in order to home in on the composite motor command that controls a particular movement.
Climbing fibers transmit training signals to the cerebellum. Individual climbing fibers train about 7 Purkinje cells. One can estimate that over a thousand climbing fibers participate in the training of the hundred or so motor commands needed to control a simple movement. While this is of much lower dimension than the parallel fiber input, there still are more inputs than outputs. True, many of these climbing fiber inputs are correlated with each other, but the number of inputs clearly exceeds the number of outputs. Maybe the paradox is resolved by synergies in the sense enunciated by Latash. The uncontrolled manifold for a given task may serve to identify synergies that are emergent properties of the high-dimensional motor commands generated by the cerebellum.
There are different perspectives for viewing the relationship between dimensionality and hierarchy in motor control. Figure 1 contrasts this relationship for the neuroscientific and the behavioral perspectives that are emphasized in this commentary. Hierarchy is plotted along the abscissa from higher levels on the left to lower levels on the right. From the behavioral perspective, high-level hierarchies are of low dimension and dimensionality increases progressively at lower levels, which reflects the Fig. 1 scheme of the Latash article. In contrast, from a neuroscientific perspective dimensionality is enormously large at high levels of hierarchy, and diminishes progressively at lower levels as motor commands are generated and transmitted to motor neuron pools in the spinal cord. The convergence of these two perspectives at the level of the stretch reflex is noteworthy, because this is the level at which these two perspectives interface reasonably well with each other. Communication across perspectives is currently poor at high levels of hierarchy.
From a neuroscietifc perspective, I question the need for Limb and Joint levels in the Fig. 1 scheme in the Latash article. The motor commands that one records from single neurons in the cerebellar nucleus, motor cortex and red nucleus, throughout the limb premotor network (Houk et al 1993) , appear to represent muscle activation. There may be no need for central representations of limb and joint variables or for other kinematic variables (Miller & Houk 1995; Mussa-Ivaldi 1988) . The outputs of motor areas of the cerebellum and of primary motor cortex seem to be reliably expressed in muscle space (Miller et al 2002) . Such signals also correlate (but often not as well) with various performance variables (Scott 2003) , but that is expected since performance variables generally derive from muscle activity.
Physics offers a path for uniting, at the level of the stretch reflex, the behavioral and neuroscientific perspectives illustrated in Figure 1 . Both perspectives recognize the presence of a neuromuscular system such as that summarized in Figure 2 . This neuromuscular (NM) system translates central motor commands into the muscle forces that allow the limbs to interact with the world. For simplicity it is assumed that each muscle in combination with its sensory feedback (stretch reflex) comprises an NM module. Motor commands (u i 's) pass through low-pass filters before activating the muscles. It is convenient to consider muscles as producing forces (f i 's) at lengths (l i 's) in a muscle-based coordinate system which then move objects of mass M in the coordinate system of the world. In Figure 2 , the operator L and its Jacobian ¶L/ ¶x translate between these two coordinate systems.
The intensity of motor commands recorded from the brain correlates well with the velocity of movement (Gibson, Houk & Kohlerman 1985; Houk et al. 1993; Lamarre, Busby & Spidalieri, 1983) , although in a highly nonlinear manner. This is expected since the neuromuscular system has prominent nonlinearities that have a strong influence on movement control.
Before considering these complexities, let us first consider the simple elastic, or spring-like, behavior. Muscles have spring-like properties and the sensory feedback that regulates their activation tends to linearize the stiffnesses K of the springs (Houk & Rymer, 1981) . Muscle forces are thus approximately equal to
where the λ's represent the thresholds of the stretch reflexes. Since muscles cannot push, f cannot be less than zero. Spring-like properties are the essence of the equilibrium point hypothesis of motor control (Feldman 1986; Bizzi et al 1992; Shadmehr 2003) . Equilibrium point theory tends to emphasize the threshold length λ for force production under static conditions. Under dynamic conditions, one must also include a velocity-dependent viscous component of force that damps movements so as to minimize oscillations. Most neuromuscular models assume that damping is linearly related to velocity, but a few investigators have faced the reality that length and velocity feedback are highly nonlinear. Houk, Fagg & Barto (2002) synthesized experimental findings from the animal and human literature to formulate a highly nonlinear model of the motor plant. The model expressed in the equation below amounts to a simplified version of the Houk-Fagg-Barto model.
The second term on the right is a nonlinear damping force called fractional power damping (FPD). FPD is particularly effective in the control of rapid movements. Barto, Fagg, Sitkoff and Houk (1999) used the FPD model in a computational study of the predictive control of movement by the cerebellum.
One thing that the field of motor systems still needs to address is the question of how the output of the cerebellum might relate to what Latash calls Task variables. I think Latash should also build into his model of the spinal cord mechanisms for stiffness regulation (Houk 1979) , fractional power damping , and reciprocal innervation (Hayashi et al 1988) , all key features of voluntary motor control. And this of course leaves out spinal locomotion, scratch, and other fundamental behaviors (Grillner & Thomas, 2009 ).
